The steady-state equivalent circuit parameters of an induction motor can be estimated using the operation characteristics that are provided by manufacturers. The characteristics of the motor used in estimation methods are the starting, maximum, and nominal torque values; the power factor; and efficiency. The operation characteristics of a motor given in data sheets are generally based on design parameters and are not suitable with real values. For this reason, in this paper, the data used in the parameter estimation for induction motors are taken from the literature.
Introduction
Induction motors have important problems, such as transient and quasi-steady-state stability. To solve the steady-state stability problems of an induction motor, equivalent circuit parameters are required. These parameters are the resistances and reactances of the stator and rotor, including magnetizing branches. Estimation of these parameters is particularly essential in determining their effects on motor performance. The main difficulty in constructing an accurate motor model is the unavailability of manufacturer data for estimation. Hence, explicit representation of induction motor models is not given in various applications. In the conventional techniques, estimation of the induction motor parameters is based on no-load and blocked-rotor tests [1] .
Aside from the conventional technique, there are 2 different approaches for parameter estimation, which are online and offline techniques. The former uses the Kalman filter [2] and least square techniques [3] . The latter is offline [4] curve generation for the experimentally measured data. Recently, artificial neural networks and various evolutionary algorithms were used with both online and offline methods. In the literature, Wishart and Harley [5] experimented with a method that uses artificial neural networks for induction motor parameter estimation in current and speed control [6] . Linear techniques based on dynamic model and neuro-fuzzy methods are also proposed for the estimation of induction motor parameters [7, 8] . In [9] [10] [11] , the estimation of the stator resistance, transient inductance, and rotor resistance online were discussed. An interesting approach for tuning the rotor resistance was proposed in [12] based on model reference adaptive system schemes [13] . Since some of the above approaches require a derivative of the function, which is not always available or may be difficult to calculate, deterministic approaches often cannot find optimal solutions [1] .
Recently, in solving induction motor parameter estimation problems, some new global optimization techniques, such as the evolutionary algorithm [14] , genetic algorithm (GA) [15, 16] , differential evolution [17] , particle swarm optimization (PSO) [18] , ant colony optimization [19] , harmony search (HS) [20] and big bang-big crunch [21] , hybrid GA [22] , and dynamic encoding algorithm for search [23] , were proposed [1] . Moreover, the charged system search (CSS) is the most recent metaheuristic algorithm, which utilizes the Newtonian motion law in additional to electrical physics laws to direct the agents in order to recognize the optimum locations [24] .
In this study, the CSS, differential evolution algorithm (DEA), PSO, and GA techniques were applied to estimate induction motor parameters. In the implementation of the techniques, 2 different induction motors, the squirrel-cage rotor and wound-rotor, are used. The 30-kW wound-rotor induction motor parameters are taken from [25] and the 37-kW squirrel-cage induction motor parameters are taken from [6] .
In the literature, the CSS algorithm is generally used in civil engineering problems. There is no study where the CSS algorithm was applied for the estimation of induction motor equivalent circuit parameters based on torque values (T st , T max , andT n ). As a preliminary work, in this study, the CSS algorithm was applied to estimate induction motor parameters.
Optimization techniques

Charged system search
Kaveh and Talatahari proposed the CSS algorithm [24, 26] . The use of this algorithm is growing and its application is extending to various optimization problems [27] [28] [29] [30] [31] [32] [33] [34] [35] . A typical algorithm for the CSS is shown in Figure 1 .
The CSS algorithm depends on Coulomb and Gauss laws and movement governing the motion laws of Newtonian mechanics. This algorithm can be considered as a multiagent approach, where each agent is a charged particle (CP). Each CP is assumed as a sphere with radius a and a proper charge density, and can be expressed as follows [30] :
Here, fit best and fit worst are the best and worst fitness values of all of the particles, fit(i) is the fitness of agent i , and N is the total number of CPs. The initial positions of the CPs in search space are determined randomly and Eq. (2) is used for determination.
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Number of terat on = Number of terat on+1 within the interval (0,1). The initial velocities of the CPs are taken as below:
Each CP applies a force on the other CPs according to Coulomb's law. The magnitude of this force is proportional with the distance between the CPs for the CP within the sphere, while it is inversely proportional with the square of the distance between the particles for a located CP outside of the sphere. These forces may come out as attracting or repelling and can be found with the ar ij force parameter, defined as below:
The +1 value in Eq. (4) shows that the force is attracting and the -1 value shows that the force is repelling, and k t is the parameter controlling the effect of the force type. Usually, the force coming out as attracting gathers the CPs in a certain area within the search area, while the repelling force tries to distribute the CPs. As a result, the force can be defined as below:
Here, F j is the force value acting on the j th CP and r ij is the distance between 2 CPs, defined as follows:
Here, X i and X j are the positions of CPs i and j , respectively; X best is the position of the best current CP;
and ε is a small positive number taken to prevent singularity. p ij determines the moving possibility of each CP to the others, as below:
As a result, the forces coming out and the motion laws determine the new CP positions. At this stage, each CP moves toward its new position under the effect of the forces and its previous velocity, as below:
Here, k a is the acceleration coefficient, k v is the velocity coefficient controlling the influence of the previous velocity, and rand j1 and rand j2 are 2 random numbers distributed to the sequence uniformly within the interval (0,1). If each CP moves out of the CP search space, its position is corrected by a handling approach based on HS. Moreover, the charged memory is used for recording the best results.
Differential evolution algorithm
The DEA is a heuristic optimization technique depending on the GA in the means of operation. It was developed by Storn and Price in 1995 [36] . Specifically, in problems where continuous data are in question, it gives efficient results. A new individual is obtained by putting chromosomes into the operators one by one (not operating depending on population). During this operation, mutation and crossover operators are used. If the convenience of the new individual is better than that of the old one, the old individual is conveyed to the next generation [37] . The flowchart of the algorithm is given in Figure 2 [38] . The parameters used in the DEA are population size NP, number of variables (number of genes) D , generation (1, 2, 3,. . . ., g max )g , crossover rate CR, and scaling factor F [38] .
The operation steps of the DEA are creation of the initial population, mutation, crossover, and selection. The conduction of these operations is explained below [39] [40] [41] [42] [43] [44] [45] .
Creation of the initial population
In order to produce new chromosomes in the DEA, 3 chromosomes, with the exception of the corresponding chromosome, are needed. Therefore, the population size should be greater than 3 (NP > 3). The production of the initial population, consisting of NP pieces of chromosomes with D dimensions, is found using Eq. (10).
Here, x j,i,g is the j parameter of the i chromosome in the g generation, and (x
shows the lower and upper values of the variables.
Mutation
Mutation is making random changes to the chromosome genes. In the DEA, 3 chromosomes that are different from each other and the weighted difference chromosome are selected for mutation (r 1 , r 2 , r 3 ) . The difference of the first 2 is taken and is multiplied by F . In general, F is valued at between 0 and 2. The weighted difference chromosome and third chromosome are added.
Here, n j,i,g+1 is the intermediate chromosome exposed to the g + 1 mutation and crossing, and r 1,2,3 ∈ {1, 2, 3, . . . , N P } r 1 ̸ = r 2 ̸ = r 3 ̸ = i are the randomly chosen chromosomes that will be used for new chromosome generation.
Crossover
The different chromosomes produced by the mutation and the x i,g chromosome are used to produce a new chromosome (u i,g+1 ). Genes for the trial are selected from different chromosomes with CR possibilities and from the corresponding chromosome with (1 -CR) possibility. The j = j rand condition is used for guaranteeing at least one gene to be taken from the recently produced chromosome. The randomly selected gene in the j = j rand point is selected from n j,i,g+1 without taking the CR value into consideration.
Fitness function
Using the mutation and crossover, 3 chromosomes are used together with the target chromosome; a new (trial) chromosome is obtained. The chromosome that will be conveyed to the new generation (g = g +1) is determined by looking at the suitability value. The fitness function of the target chromosome is already known. The objection function value of the problem is calculated as a suitability function.
Selection
The highly suitable chromosome is conveyed to the next generation. The cycle continues until (g = g max ) and, when the cycle becomes g max , the current best individual is taken as the solution.
Stopping criterion
The aim is continuously acquiring chromosomes with better suitability values and having the optimum value (or getting close). This cycle is continued until g = g max and stopping the algorithm depends on the determined maximum iteration number. The GA and PSO process algorithms, which are used for parameter estimation, were taken, respectively, from [46] and [47] , and the parameter estimation of the induction motor was done using the formulas therein.
Problem formulation
The actual values of the starting torque T st (act), maximum torque T max (act), and nominal torque T n (act) are used to estimate the stator resistance and leakage reactance ( R 1 ,X 1 ) , rotor resistance and leakage reactance (R 2 , X 2 ), and magnetizing reactance ( X m ) parameters. The actual values are the literature values of the motors. The induction motor one-phase exact equivalent circuit model is shown in Figure 3 . The torque functions [ T n (cal),T st (cal), and T max (cal)] can be written as follows [48] :
Here, T n (cal), T st (cal), and T max (cal) stand for the nominal, starting, and maximum torques, respectively, with the following set of equations:
Here, V th , R th , and X th are the Thevenin voltage, resistance, and reactance, respectively. K is the constant coefficient, ω s is the angular velocity, s is the slip, and V ph is the supply voltage. The fitness value of each of the motor torque equations is given in Eq. (18) .
Here, E 1 , E 2 , and E 3 show the error in the nominal torque, error in the starting torque, and error in the maximum torque, respectively. The total error (E T ) is given in Eq. (19) .
The specifications of the motors used in the modeling are given in Table 1 . When the results obtained for both motors are examined, it is seen that the error values of the equivalent circuit parameters are at acceptable levels. Here, compared with the other parameters, the error values of the X m parameter are greater. However, the X m value has no direct effect on the torque formulation. Thus, the error values of theX m parameter can be ignored.
When examined in terms of the torque calculation, it is seen that the DEA obtains the best result. When Figure 4 is examined, it is seen that the DEA method converges at the smallest iteration number. After the DEA, the CSS algorithm has the best convergence value for motor 1. It is seen that the PSO algorithm converges at the 125th iteration. However, it is seen that the GA is not able to reach the convergence values.
When Figure 5 is examined, it is seen that the DEA again has the best convergence. It is seen that the CSS algorithm similarly converges to the motor 2 value at the 55th iteration, and the PSO algorithm converges at the 130th iteration. It is also seen that the GA does not converge. The slip-torque curves drawn depending on the parameters found by the actual torque values and estimation values are shown in Figures 6 and 7 . When examined in terms of the minimum error values, the 4 methods are seen to have caught the actual values with very small differences.
The total error values that occurred in the torque values for motor 1 for each method are shown in Figure 8 . When the total error values given for motor 1 are examined, it is seen that the values obtained by the GA as a result of 31 operations are bigger than the values obtained by the other 3 methods. It is seen that the maximum error value is obtained by the GA at the 30th operation, and the minimum error value is obtained at the 8th operation. It is seen that, after the GA, the biggest error values are obtained by the PSO algorithm. However, the lowest error values are obtained in the parameter estimation done by the DEA and CSS algorithm. In the operations done by the 4 methods, the smallest error value is obtained by the DEA at its 19th operation. However, it is seen that the examined CSS algorithm has values close to those of the DEA, which gives the smallest error values.
The total error values that occurred in the torque values for motor 2 for each method are shown in Figure 9 . When all of the error values given for motor 2 are examined, it is seen that the values are similar to the distribution of total error obtained for motor 1. While the minimum error value is obtained from the DEA at its 4th operation, the maximum error value is obtained by the GA at its 8th operation. The error value of the CSS algorithm is close to that of the DEA.
The CPU times obtained by the 31 operations of the 4 methods are given in Figures 10 and 11 . It is seen that the GA has the longest solution time and the PSO has the shortest solution time. The solution times of the 4 methods are seen to be less than 1 s for both motors. When Table 4 is examined, it is seen that the maximum total error value is obtained from the GA and the total minimum error value is obtained from the DEA. The CSS algorithm gives the best results after the DEA. When the standard deviation values are examined, the DEA and CSS algorithm have the lowest standard deviation at 31 operations. The equivalent circuit parameters and average percent error values obtained by the DEA and GA in [6] are given comparatively in Table 5 , with the values found by the CSS algorithm in this study. The error value found by the CSS is seen to converge to the average error value found by the DEA method used in [6] ; however, it is seen to converge with a better result than that found by the GA.
When the torque values in Table 6 are considered, the error values found by the CSS are seen to give better results than those found by the DEA and GA. 
Conclusion
In this study, the CSS algorithm for estimation of the equivalent circuit parameters of an induction motor was applied for the first time in the literature. The obtained results were compared with the DEA, PSO, and GA for 2 different motors. The known equivalent circuit parameters and slip-torque characteristics of wound-rotor motor were obtained from [25] and the required values were taken from these characteristics. For the squirrelcage motor, the equivalent circuit parameters were obtained from [6] . The reason for using the literature data is that the catalog values given by the manufacturer cannot model the motor properly. It is not possible to obtain convergence from the motor catalog values of various manufacturers.
For motor 1, the CSS algorithm and DEA converge faster than the other algorithms. For motor 2, the CSS algorithm catches the optimum point at 55 iterations and the DEA catches the optimum point at 40 iterations. As seen from Figures 6 and 7 , the estimated equivalent circuit parameters exactly model the slip-torque characteristics of both motors. From the obtained results, it is observed that if manufacturers give the exact values for motors, the CSS algorithm can estimate the equivalent circuit parameters properly.
This study shows hopeful results that the CSS algorithm can be used to estimate the parameters of other types of electrical machines as well.
